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A B S T R A C T
This work aimed to predict mass (weight) and shape ratio (format) of yellow melon through computer vision
techniques (VC). To do this, a digital camera was used to take pictures of all melons (n=135). The images
processing consisted in ﬁltering colors in the RGB space, thresholding by Otsu's method and, ﬁnally, detection of
melon's contours. The used processing techniques were suﬃcient to separate the melon from the image back-
ground, allowing calculating the area of the melon (Amelon), in both square pixel (pixel2) or square centimeters
(cm2), which showed very strong Pearson’s correlation (0.993**). By using area-based linear regressions, it was
possible to predict the weight of the melon in kilograms, from Amelon in pixel2 (Pearson’s correlation = 0.993**)
or cm2 (0.989**). The shape ratio (SR) has estimated based on melon’s diameters (L - longitudinal and T -
transversal), which were obtained using pachymeter (real) or computer vision (CV). Based on real data set
(pachymeter), melons were classiﬁed by SR into four groups, considered as reference. The based-CV algorithm
was able to classify the same melons in the same groups with hit percentage of 96%. The correlation between the
product of the multiplication of both diameters (Lcv*Tcv) and the melon area (Amelon, pixel2) was very strong
(0.9987**), and the coeﬃcient of calibration of 93 pixels per centimeter presented a good ﬁt. Based on these two
results, the weight, in kilograms, and both diameters, in centimeters, were predicted from the measurements of L
and T, in pixel, obtained by computer vision.
1. Introduction
In 2016, the quantities of melon produced and exported by the
countries were, respectively, 31.31 and 2.27 million tonnes (FAO,
2016). Brazil produced 596,430 (1.90%) and exported 224,688 (9.90%)
tonnes, generating a foreign exchange of 154,298,760 dollars (FOB).
The Northeastern Brazil concentrated 94.72% of production and
99.97% of melon exportation. From 2006–2016, melon ranked ﬁrst in
Brazilian exports of fresh fruits. Oﬃcially, Brazil exports melon to 37
countries, according to the website for free access to Brazil's foreign
trade statistics http://comexstat.mdic.gov.br/en/home), which belongs
to the Brazilian Ministry of Industry, Foreign Trade and Services
(MDIC). Therefore, melon is one of the main items of Brazilian exports,
which is relevant to the country's trade balance, as well as generating
income and thousands of jobs in one of the poorest regions of Brazil.
The postharvest technologies (Crisosto et al., 2014) allowed the
intercontinental distribution of fresh fruits to meet the global demands
of high quality products (Mahajan et al., 2014). In this context, classi-
ﬁcation technologies are extremely useful to guarantee high-uniformity
fruits.
Since 1975, the United National Economic Commission for Europe
(UNECE, 2012) determines the standards applicable to melons (Cucumis
melo L.) to be supplied fresh to the consumer (UNECE, 2012). Among
other provisions (quality, presentation and marking), these standards
present provisions concerning sizing, and for UNECE, “size is de-
termined by the weight of one unit or by the diameter of the equatorial
section (shape)”. According to the International System of Units (SI),
mass is the correct unit, and it is expressed in kilograms or derived units
such as gram (1g=1 kg−3). However, international fruit classiﬁcation
standards use weight (UNECE, 2012; CBI, 2016), whose standard unit in
SI is Newton (1 N=1 kg m s-2). In order to compare better our results
with the international standards, we will use the term weight, although
aware that it is mass.
The minimum sizes by weight are 250 g to Charentais, Galia and
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Ogen type melons (1st group), and 300 g to other melons (2nd group).
By diameter are 7.5 cm to the 1st group, and 8.0 cm to the 2nd group. To
ensure uniformity, the size range between melons should not exceed,
respectively, 50% or 30% more than weight or diameter of the smallest
in the same package. For Charentais melons, these ranges should not
exceed 30% or 10%, respectively, in weight or diameter (UNITED
NATION ECONOMIC COMMISSION FOR EUROPE (UNECE) STAND-
ARD FFV-23, 2012).
According to the Centre for the Promotion of Imports from devel-
oping countries (CBI), exporters must pack yellow melons into 10-kg
boxes, with 5–10 melons per box (CBI, 2016). From the union of those
two rules (UNITED NATION ECONOMIC COMMISSION FOR EUROPE
(UNECE) STANDARD FFV-23, 2012; CBI, 2016) it is possible to build a
table with the lower and upper limits of weight per melon in each box
(Table 1).
Fruit grading often occurs by hand or by equipment – a device with
a conveyor belt for feeding and aligning ovaloid fruits, such as melons.
Normally, for Melon it is used an equipment that sorts by diameter, but
melons are not weighed in scales installed on the classiﬁcation mats.
The ﬁnal weight of the boxes is estimated based on the number of
melons in each box using the relationship between diameter (shape)
and weight.
There are several technical solutions to classify melons based on
their weight or their shape ratio (SR), such as computer vision system
(CV), which has as main advantages the uniformity and the high speed
of classiﬁcation (Eissa and Khalik, 2012). Ancient work (Rehkugler and
Throop, 1976) showed that rates for manual sorting should not exceed
1 fruit per second per evaluator. Nowadays, CV-based equipment are
able to sort 24 or more fruits per second (Subramaniam and
Balasubramanian, 2015). Currently, the fruit size (weight and shape)
assessment by CV in Northeast Brazil is still at research level. There are
based-image-processing studies carried out on Cantaloupe melons
(Rashidi et al., 2010) and watermelon (Koc, 2007), but not on yellow
melon, which is the most produced and exported melon by Brazil.
In general, the CV techniques have been developed as a function of
physical characteristics (size and volume) of the fruit (Schulze et al.,
2015), including images processing by smartphone (Sadrnia et al.,
2007). Other external characteristics, like skin color has been used to
predict the fruit ripening stage, such as mango (Atencio et al., 2009)
and citrus (Cubero et al., 2014). In addition, Liu et al. (2016) trained a
neural network model to segment apples from RGB (Red, Green and
Blue System) and HSI (Hue, Saturation, and Intensity) color samples.
According to the authors, CV methods were visibly diﬀerentiated by
the eﬃciency and low cost for other fruits, such as apple (Tabatabaeefar
and Rajabipour, 2005), apricot (Naderi-Boldaji et al., 2008), pome-
granate (Khoshnam et al., 2007), watermelon (Sadrnia et al., 2007),
lemon, mandarin and orange (Omid et al., 2010).
This work aimed to develop new approach-model based on com-
puter vision for shape ratio (SR) and weight estimation of yellow melon
grown on Northeast of Brazil.
2. Material and methods
Yellow melons, with excellent quality for consumption, were har-
vested at commercial orchards from Itaueira (4°37′32.87″S /
37°59′24.41″O) and Agrícola Famosa (4°51′29.50″S / 37°21′00.95″O).
Fruits were transported to the Laboratory of Plant Tissue Analysis at
Instituto de Educação, Ciência e Tecnologia do Ceará – IFCE (in English:
Federal Institute of Education, Science and Technology of Ceará),
campus of Sobral, Brazil (3°40′57.69″S / 40°20′27.80″O). Upon arrival,
melon fruits were stored at 18 ± 2 °C aiming to stabilize the post-
harvest metabolism.
Images of 135 melons were taken using a digital camera (Nikon, D
3100, Tokyo, Japan), equipped with lens AF-S DX Nikkor (Nikon,
18–55mm, f/3.5–5.6 VR), sensor CMOS (Nikon, Format DX
23.1 x 15.4 mm), and conﬁgured in auto mode, color system RGB, focal
length 18mm, maximum aperture (f) 5.6, and maximum resolution of
4608×3072 pixels. The image acquisition structure is presented at
Fig. 1.
The structure ﬁxed the camera at 45 cm of distance from the
bottom. This distance was obtained from the most oblong melon. Using
this melon as a reference for distance, it allowed that all melons were
within the visual ﬁeld of the camera lens. In all images there is a
template positioned next to each melon. The jig was a square red object
with 2 cm of edge (4 cm2), which served as reference as scale of the
image. All images were taken under artiﬁcial lighting obtained from
ﬂuorescent lamps (Philips T10 PLUS TL 40W/750).
After taking the images, a digital weighing machine (Ramuza, São
Paulo, Brazil) was used to weight the melon in kilograms. Soon after-
wards, the diameters of each melon (longitudinal and transversal) were
measured using a pachymeter (Mitutoyo, 530, São Paulo, Brazil). The
proposed system, in this work, was developed in C++ programming
language (Bell Labs, Berkeley Heights, New Jersey, USA) and some
functions of the OpenCv 3.0 library (Open Source Computer Vision
Library).
2.1. Image preprocessing
The preprocessing of the images consists in ﬁltering the pre-
dominant colors of the melon and the template (as described by Tang
et al., 2016), aiming the detection and segmentation of the fruits and
Table 1
Number of melon fruits, average weight, weight limits (lower and upper) and
maximum variation allowed for 10 kg boxes. Estimated values based on inter-
national standards from UNITED NATION ECONOMIC COMMISSION FOR
EUROPE (UNECE) STANDARD FFV-23 (2012) and CBI (2016).
Melons per
box
Average
weight
Minimum weight
per fruit
Maximum weight
per fruit
Tolerance
(N°) (kg) (kg) (kg) (%)
5 2.00 1.80 2.70 50
6 1.67 1.50 2.25 50
7 1.43 1.30 1.95 50
8 1.25 1.10 1.65 50
9 1.11 1.00 1.50 50
10 1.00 0.90 1.35 50
Fig. 1. Schematic drawing of the structure developed for ﬁxing the camera
(Nikon 3100) used to capture images of yellow melons.
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the template. The melon predominant color is yellow and the color of
the template is red. As RGB system (Red, Green and Blue) does not have
a channel that directly represents the yellow color, but it has the red
channel, which represents the template color, the algorithm was de-
veloped in order to produce a new grayscale image (Image A) based on
the following equation:
= − +A R G B2 ( ) (1)
where A is the generated grayscale image; R, G and B are the values of
red, green and blue in the RGB system.
2.2. Image segmentation (melon and template)
Images were segmented using Otsu threshold algorithm (Otsu,
1979), which is used to produce noise-free images (reliable classiﬁed
images) in diﬀerent natural settings (Jiang et al., 2013). This threshold
method is useful to distinguish objects of interest from image back-
ground (Chakrawarty and Bhatnagar, 2016). In some cases, this process
may be simple depending on the diﬀerence of color between object or
image background (Blasco et al., 2009).
The Otsu threshold method was applied to Image A (previous step)
in order to separated melon and template from the image background,
generating a new image (Image B). The use of cvFindContours function
of the OpenCv 3.0 library corrected melon’s defective areas, which
presented the same color of the image background, resulting another
image (Image C). Next, the algorithm segmented the area of the melon
in square pixel (pixel2), generating the last image (Image D). The
template area, also in square pixel, is determined by subtracting the D-
image from the B-image.
2.3. Estimates of the area, weight and shape ratio of yellow melon
From D and B images, respectively, this step aimed to estimate the
area of the template (Atemplate, in pixel2) and that of the melon (Amelon,
in pixel2), and then to calculate the area of the melon in square cen-
timeter (Amelon, in cm2), as shown below:
=A cm cm A pixels
A pixels
( ) 4 ( ) * ( )
( )melon
melon
template
2
2 2
2 (2)
The predicted weight of the melons (Kg) was obtained from a
mathematical correlation between the real weight (in kg) and Amelon (in
cm2 or pixel2).
For the shape ratio (SR), the algorithm ﬁrst measured the long-
itudinal (L) and the transversal (T) diameters, using the polar co-
ordinate system. The ﬁrst step was to deﬁne the centroid (O) at the
image D. The pixels-number sum (Contpixels) in each direction (x or y)
determined the line (ym) and the column (xm) coordinates, and the
relation between ‘ym’ and ‘xm’ deﬁned the coordinates of the centroid
(O).
Then, using the polar coordinates, the algorithm declares the vari-
able (R), which assumes the value zero (R= 0) from the centroid and
with angle θ. After this, R is incremented by 1 unit until it reaches one
edge of the melon. Now, this same process is repeated with R being
incremented by -1, until it reaches the edge of the opposite side. Soon
after, Euclidean distance was calculated between these two points, re-
presenting the measure of a diameter. Eq. 3 represents the general form
of this process.
= +
= +
x O R θ
y O R θ
*cos( )
* sin( )
x
y (3)
where Ox and Oy are the centroid coordinates and θ is the angle with
limits of 0≤ θ ≤ π.
By varying the angle θ in intervals of 0.01745π, it is possible to
obtain 180 diﬀerent diameter values for the melon. Among these dia-
meters, the highest value deﬁned L (Eq. 4). The straight line that has the
angle (π/2) with L, determined T.
= +L arcMax x y( )2 2 (4)
The SR values were estimated by hand (pachymeter) and by CV
according Eq. 5.
=SR L
T (5)
SR values should allow the classiﬁcation of melons into four groups,
according to Lopes (1982): Compressed melon (SR < 0.9); Spherical
melon (0.9≤ SF≤1.1); Oblong melon (1.1 < RF≤ 1.7) and Cylind-
rical melon (SR > 1.7).
2.4. Statistical analyzes
Statistical analyzes and regression models were performed using the
Microsoft Excel (Microsoft Corporation, Redmond, Washington, USA)
and the Action Stat Pro (Statcamp, São Carlos, São Paulo, Brazil). The
intensity of the linear association between the dependent and in-
dependent variables were quantiﬁed through the Pearson's correlation
analysis.
3. Results and discussion
3.1. Image processing and estimates of area in square pixel
An example of melon pictures is presented (Fig. 2a), showing the
diﬀerent colors of the melon and template. For preprocessing, an al-
gorithm has been developed from Eq. 1. The grayscale image, called
Image A (Fig. 2b), represents the red channel (template) and shades of
the yellow color (melon). Pixels of image A (Fig. 2b) can assume values
Fig. 2. An example of taken pictures of yellow melon (A) and grayscale image (Image A) after ﬁltering as a preprocessing method (B).
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from 0 to 255, as this is an 8-bit image.
In addition to segmentation, the algorithm automatically deﬁned
the threshold that separated the template and melon from the back-
ground of the image.
The Otsu threshold method applied to Image A (Fig. 2b) produced a
new image, called image B (Fig. 3a), which shows the contours of the
melon and template. The template surface area had no defects and
therefore it was easily separated by the Otsu method. However, some
melons presented discolored surface areas, especially the parts in con-
tact with the soil or under self-shading by the leaves, still in the ﬁeld,
during color development. In the image (Fig. 3a) it is possible to verify
that these defective areas have the same color black of the image
background, which made impossible the accurate thresholding of the
melon by the Otsu method.
In order to eliminate these discolored or defective areas present in
image A, it was performed a contour segmentation. The cvFindContours
function of the OpenCv 3.0 library was used to segment these contours
(Bradski and Kaehler, 2008), generating another image, called Image C
(Fig. 3b). Next, the contour of greater area was segmented as the area of
the melon, in pixel2, generating a new image, called Image D (Fig. 3c).
Fig. 3. Melon’s image thresholded by Otsu method (A), Melon and template segmented by its contours (B), Melon segmented by the contour of larger area (C).
Fig. 4. Predicted weight (−), upper and lower 99% prediction limits (-.-) of linear regression (yˆ○) performed on the basis of real weight (○) and the area of melon
(Amelon), in cm2 (A) or pixel2 (B). ** Signiﬁcant at 1% probability by the F-test.
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Finally, the template’s area was segmented, also in pixel2, by sub-
tracting D-image (Fig. 3c) from B-image (Fig. 3a).
The authors are aware that the model presented here uses static
images (captured from a digital camera) and then segments the fruit
using simple but time-consuming methods. The state of the art in CV
allows to develop similar systems more optimized based on the contour
analysis, such as radial snakes (Bessa et al., 2015), that has the potential
to individually analyze several melons in one image. However, in
practice, these advanced contour methods are too complex and there-
fore, were beyond the scope of this work, which was to develop a
simple and inexpensive method.
3.2. Prediction of area (cm2), weight, diameter and shape ratio of yellow
melon
Areas of all 135 melons (Amelon) were estimated, in cm2, using Eq. 2.
Thus, it was possible to obtain two sets of data relating Amelon (cm2) or
Amelon (pixel2) and the real weight (kg) of the corresponding melon.
These two sets of data were put together to perform two diﬀerent linear
regressions (Fig. 4A and B) that presented a suitable coeﬃcients of
determination (R2) to predict the weight (dependent variable) from the
area (in cm2 or pixel2) of each melon (independent variable).
After adjusting a linear regression, it is important to check its ﬁt and
its adaptability by tests of hypotheses for the model's coeﬃcients and/
or by deﬁning the conﬁdence intervals (upper and lower limits of
prediction). There are several measures for goodness-of-ﬁt assessment
for this model, such as analysis of variance for regression (ANOVA)
with F-test (results shown at Fig. 4). Linear regressions for upper and
lower prediction limits (99%) are in Table 2.
For tests of equality of variances and means, it is necessary that the
two populations are independent. However, there are some situations
where populations are non-independent. Real-weight and predicted-
weight, although assessed by discrete methods (weight-machine or
linear regression), may be considered non-independent as these mea-
sures were taken on the same melon. In this case, it is recommended to
apply the t-paired test. T-paired test for means and variances showed
that both (real-weight and predicted-weight) are statistically similar
(p < 0.01). Thus, the Pearson’s correlation coeﬃcient is close to 1,
showing that there is a strong correlation between the real weight and
predicted weight (Table 3).
Based on these tests (ANOVA, T-paired and Pearson’s Correlation) it
is possible to aﬃrm that the proposal models are suitable to predict
weight from Amelon in cm2 or pixel2 (Fig. 5)
Grading systems that use only weight, the prediction based on the
area in square pixel (pixel2) is easier, because it eliminates the use of
the template. On the other hand, the boxes for exporting melon are
standardized by the international system of measures (SI) making it
necessary to convert from pixels to centimeters and from square pixels
to square centimeters (cm2). This conversion is mandatory when the
grading systems use also diameter.
The algorithm measured the longitudinal (LCV) and transversal
(TCV) diameters in pixels, according Eq. 5. In the same melons, an op-
erator took the same measurements using a pachymeter (Lreal and Treal).
The t-paired test showed that both of longitudinal diameters (Lreal and
Lcv) are statistically similar (p < 0.01). The transversal diameters (Treal
and Tcv) are also statistically similar (p < 0.01). Based on these two
sets of data it was possible to determine that the Pearson’s correlation
was 0.87** for Lreal vs Lcv, and 0.96** for Treal vs Tcv (** p < 0.01).
These data show that there are a strong correlation between long-
itudinal diameters and very strong between transversal diameters. In
melons, this diﬀerence occurred because, with the use of pachymeter, it
is easier to measure transversal diameters than the longitudinal ones
(personal observation). The division “Lcv/Lreal” and “Tcv/Treal” allowed
generating a calibration factor of 93 pixel per centimeter.
Following the same steps above, the shape ratio (SR) was calculated
dividing the longitudinal diameters (Lreal and Lcv) by the transversal
ones (Treal and Tcv), using Eq. 5. Thus, it was possible to obtain two sets
of data (SRreal and SRcv) that presented very strong Pearson’s correla-
tion (Fig. 5). The SR-based system classiﬁed melons into four groups,
according Lopes (1982), as shown in Fig. 6.
Table 4 shows the number of melons classiﬁed by SRreal or SRcv in
the diﬀerent groups. Most melons (> 90%) were classiﬁed as oblong,
which is the most common format for this type of melon. Of the 135
melons, only ﬁve of them were classiﬁed diﬀerently in both methods
(compare columns 2 and 3 at Table 5). Thus, the hit percentage of the
algorithm is close to 96%. The success rate in this study was similar to
that found for apples (Hazbavi, 2014), oranges and mandarins (Blasco
et al., 2009; López-García et al., 2010).
Although the errors are within acceptable limits (< 5%), we are
interested in decomposing the global error of the measurement process
in two parts: systematic error and uncertainty.
To the extent that accuracy and precision are ultimately error and
Table 2
Linear equations for upper and lower limits (99%) to predict weight from area
of the melon (Amelon) in square centimeter (cm2) or square pixel (pixel2).
Amelon (cm2)
Upper prediction limit ŷ=0008457**x – 04306** (6)
Lower prediction limit ŷ=0007929**x – 05517** (7)
Amelon (pixel2)
Upper prediction limit ŷ=00000012074**x – 06177** (8)
Lower prediction limit ŷ=00000013137**x – 04655** (9)
** Signiﬁcant at 1% of probability by the F-test.
Table 3
Pearson correlation matrix of diﬀerent variables used to predict melon’s weight.
Amelon (cm2) Amelon (pixel2) Real Weight (kg) Predicted Weight (by cm2) Predicted Weight (by pixel2)
Amelon (cm2) 1
Amelon (pixel2) 0,993** 1
Real Weight (kg) 0,989** 0,983** 1
Predicted Weight (by cm2) 1 0,993** 0,989** 1
Predicted Weight (by pixel2) 0,993** 1 0,983** 0,993** 1
Fig. 5. Melon predicted weight by square centimeter (cm2) vs predicted weight
by square pixel (pixel2). ** Signiﬁcant at 1% of probability by the F-test.
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error limit (Schmidt and Hunter, 2014), measurement processes can be
qualiﬁed in terms of systematic or aleatory error (Moon et al., 2013).
The systematic error is the result of the use of a non-coherent mea-
surement process (Rabinovich, 2006), in this case, the algorithm de-
veloped. The error due to uncertainty is called aleatory error since it is
diﬀerent for each measure. In this work, the uncertainty for SRcv will be
considered as its standard deviation, according Erhart et al. (2012).
At Table 5, the SRreal (column 2) and the Rating by SRreal (column 3)
presents the reference values, since it is a common measurement
practice in the packinghouse. However, these measurements and clas-
siﬁcations are subject to errors by the operator, as previously men-
tioned. On the other hand, the SRcv (column 4) and Rating by SRcv
(column 5) presents the values obtained from algorithm that are subject
to errors of prediction. The Eq. 6 presents the calibration curve SRreal vs
SRcv, and results as predicted values SRˆcv are at column 6.
= + =SRˆ 0.882 SR 0. 1659 (R 0.87)CV ** real ** 2 (6)
Therefore, the error as measured by the algorithm (SRˆ cv - SRcv) is
close to zero (column 7), except for one of the melons (#103), and the
uncertainty is 0.123 (column 8). Thus, it is possible to state that the
only error is that due to uncertainty. By adjusting the SRcv (column 9),
it was possible to correct the error due to uncertainty (compare columns
2 and 10 at Table 5).
Finally, assuming that the correlation between Lcv * Tcv and Amelon
(pixel2) is very strong (0.9987**), and the calibration factor (93 pixels
per centimeter) is true, it was possible to predict weight, in kilograms
(Fig. 7), and both diameters (Longitudinal and Transversal), in cen-
timeters (Fig. 8), from only the measurements of L and T by computer
vision (Lcv and Tcv).
This paper followed the trend of developing CV-techniques based on
physical characteristics of the fruits, such as superﬁcial defects (López-
García et al., 2010), color (Blasco et al., 2009), weight (Hazbavi, 2014),
size and volume (Schulze et al., 2015). We know that similar systems
have been already described and the most advanced CV-technologies
Fig. 6. Real shape ratio (SRreal), computer-vision shape ratio (SRcv), and Pearson’s correlation of melons classiﬁed into four groups according their real (º) or
computer-vision (♦) shape ratio.
Table 4
Melon classiﬁcation by SR in diﬀerent groups according Lopes (1982).
Group Limits SRreal SRcv
Compressed SR < 0.9 0 0
Spherical 0.9≤ SR ≤ 1.1 9 6
Oblong 1.1 < SR ≤ 1.7 126 129
Cylindrical SR > 1.7 0 0
Total 135 135
Table 5
Error description and correction.
Melon SRreal Rating by SRreal SRcv Rating by SRcv SR^cv* SR^cv - SRcv Uncertainty (1 SD
**) Adjusted SRcv*** Adjusted rating
(2) (3) (4) (5) (6) (7) (8) (9) (10)
5 1.045 Spherical 1.104 Oblong 1.088 −0.016 0.123 0.965 Spherical
103 1.252 Oblong 1.098 Spherical 1.270 0.173 0.123 1.147 Oblong
111 1.078 Spherical 1.126 Oblong 1.116 −0.009 0.123 0.993 Spherical
113 1.093 Spherical 1.136 Oblong 1.130 −0.005 0.123 1.007 Spherical
131 1.038 Spherical 1.117 Oblong 1.081 −0.035 0.123 0.958 Spherical
* Estimated by Eq. 6.
** SD – Standard deviation (SD=0.123).
Fig. 7. Predicted weight (e), upper and lower 99% prediction limits (-.-) of
linear regression (yˆ○) performed based on Lcv *Tcv (pixel2). ** Signiﬁcant at
1% probability by the F-test.
R.R. Calixto, et al. Scientia Horticulturae 256 (2019) 108521
6
allow to do these measurements easily in real-time at a very high speed,
using high-accuracy industrial cameras (Moreda et al., 2009; Costa
et al., 2011). However, the system proposed in this work is a viable and
low cost solution to be easily adapted to the Brazilian Northeast, since
these industrial cameras are too expensive. Adding to this, the system is
useful as a fast phenotyping tool in melon breeding programs. Although
it is well established that internal quality plays an important role in the
genetic improvement of melon, external appearance will remain an
important consumer visual attribute, and one aspect of external ap-
pearance is fruit size. In this sense, determination of fruit size is es-
sential for breeding programs, for which two size-related variables,
shape and weight, are normally mandatory. The system is useful also to
determine fruit volume. In breeding programs, volume is a variable
used to study the relationship between rate of expansion and suscept-
ibility to physiological disorders, such as cracking in melon (Bairam and
Green, 2018).
As future work, we started to develop predicting-models for soluble
solids content, keeping in mind that this characteristic (not visible to
the naked eye) is an important rejection factor for yellow melons, since
consumers are always in doubt about melons sweetness. For that, it will
be necessary to embed this technology into smartphones, so that people
can access this information at market. The ﬁrst tests with smartphones
showed promising results, stating the possibility of having, in the fu-
ture, a smartphone application to help consumers to purchase yellow
melons.
4. Conclusion
The presented results conﬁrm the possibility of predicting the
weight and shape ratio (SR) of the melons in a non-destructive way
using digital images and processing algorithms. The used processing
techniques were suﬃcient to separate the melon’s contour from the
image background, allowing to calculate the area of the melon (in
pixel2 or cm2), and develop based-area linear regressions able to predict
melon weight.
Melons were accurately weighted by computer vision, regardless of
whether their area was measured in pixel2 or cm2. Both models pre-
sented coeﬃcient of determination superior to 0.97 and an average
absolute error inferior to 0.05 kg (50 g). The SR-based classiﬁcation
showed a success rate of 96%, a percentage which can be improved by
means of reducing the uncertainties. As future work, we have just
started to develop models to predict soluble solids content and other
variables, such as ﬁrmness and ﬂavor, essentials to acceptance of yellow
melon. In addition, as future improvement we hope to develop a mobile
application that will allow consumers to access information about the
quality of the melon in real time.
This approach for yellow melon can be qualiﬁed as the state of the
art in the Brazilian northeast - the largest region producing melon in
Fig. 8. Estimated longitudinal (Lest) and transversal (Test) diameters, based on calibration factor (93 pixels per centimeter), used to predict L (A) and T (B), in
centimeters, ** Signiﬁcant at 1% probability by the F-test, Pearson’s correlation between Lreal and Lest (A), and Treal and Test (B).
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Brazil. According to information from melon producers (personal in-
formation), weighing and sorting, respectively, are the main bottle-
necks in the packinghouse, as they require a lot of work and time. Thus,
this direct measurement model, which is able to weigh and classify
melon quickly and inexpensively, has aroused the interest of Brazilian
melon exporters.
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